(Co)variance components for milk, fat, and protein yields during first lactation were estimated from data for test days from 23,029 Holstein cows from 37 herds in Pennsylvania and Wisconsin. Four lactation stages of 75 d were defined, and the test day nearest the center of each interval was used. In four analyses, a lactation stage was added, and observations with missing values were deleted; 17,190 observations were available for the final analysis of lactations with test days in all lactation stages. Missing values were deleted because a canonical transformation was used for estimation of (co)variance matrices. Heritability estimates were similar across analyses, which indicated little effect from selection. Heritabilities usually increased with lactation stage and were highest for milk; mean heritability estimates were 0.19 for milk, 0.14 for fat, and 0.16 for protein. Phenotypic and genetic correlations were higher between milk and protein than between milk and fat. Within a yield trait, genetic correlation declined from 0.90 for adjacent stages to 0.75 for milk and protein and to 0.82 for fat between initial and final lactation stages. Within lactation stage, mean genetic correlations were 0.40 between milk and fat, 0.78 between milk and protein, and 0.56 between fat and protein; corresponding mean phenotypic correlations were 0.64, 0.91, and 0.66. The effect of solving the model iteratively was examined with records that had been adjusted using solutions from fitting the full model. Heritabilities for the beginning of lactation increased slightly with the iterative solution, which indicated a better model fit.
INTRODUCTION
Current systems for genetic evaluation are based on yields observed during the first 305 d of lactation. Lactation yields typically are estimated from monthly measurements of milk volumes and analysis of milk samples for fat and protein percentages (33) . In recent years, several studies (20, 28, 30) have confirmed that environmental effects can be accounted for with greater precision when an effect for test day is included. Interest in the development and implementation of test day models is increasing worldwide, and many countries are conducting research to develop genetic evaluation systems that use test day data.
Two approaches have been investigated for the use of test day information (29) : 1) direct use by fitting a model to test day data and 2) indirect use based on correction for environmental influences on test day yields and aggregation of test day data into a lactation measure for later processing. The indirect approach is being used routinely in genetic evaluation systems of several countries by adjusting test day data and then combining them into a lactation measure (1, 3, 11, 12) . The objective of both approaches is to provide a more accurate accounting of environmental effects because lactation records of contemporaries often do not include all of the same test dates. Inclusion of an effect for test day in a model enables accounting for the effects of environment on a specific day of production. Direct use of test day data also is desirable to accommodate the less frequent measurement that has resulted from efforts to reduce the cost of milk recording and the associated loss of information that is available for computation of 305-d yields. Regardless of the length of the interval between tests, a test day model can appropriately weight the recorded test day information by considering the covariances between test days. The use of test day data also allows relaxation of traditional restrictions on the length of intervals between tests and the number of DIM at first test.
Two methods are being studied for direct inclusion of test day data in a model. The first method is based on analysis of test day data with a model that estimates fixed regression coefficients for lactation curves within fixed effects of parity, calving age, and calving season. Many studies (5) have found genetic differences in persistencies of yield traits for dairy cattle. To allow for those differences, regression coefficients of the lactation curve can be fitted for each animal as random effects (8, 9, 10) . This method is partially used in Canada for yield traits of dairy goats (27) . Simplified versions that include a single genetic effect have been applied in Germany (22) and in Canada for SCS of dairy cattle (21) . Theoretically, the complete method can be implemented for more than one yield trait or more than one parity through a multitrait approach, as was done to predict genetic merit for yield traits of German Holsteins (22) . A complete model has been proposed for yield traits of dairy cattle in Canada (10) .
A second method to include test day information directly is to apply a multitrait approach in which different test day yields are treated as different traits. Australia and the US are among the countries developing a test day model for multiple parities that considers the test day yields during first parity and the test day yields during later parities as separate traits (34) .
The primary challenge in the development of test day models is the estimation of genetic parameters that are required for the implementation of an evaluation system (4, 8, 15, 18, 19, 23, 32) . If a random regression model is used, the underlying model is not intuitive and is complex (10) . For random regression and multitrait models, the number of genetic parameters is large, especially if milk, fat, and protein are considered together for more than just first parities.
Veerkamp and Goddard (32) used many bivariate analyses to calculate the components of (co) variance matrices. Multitrait random regression and bivariate analyses often produce nonpositive definite matrices or correlations that are improper. Fortunately, multitrait models can be simplified with canonical transformation (14) , and variance components can be estimated using these uncorrelated traits (16) . However, a canonical transformation requires complete data.
Recently, canonical transformation was extended to allow missing values when genetic evaluations are computed by estimating the missing values at each round of iteration (2) . However, this extension is not usable for the estimation of (co)variance components because that estimation requires the (co)variance matrices. One solution is to eliminate records with missing data and to apply a canonical transformation to the remaining data. The objectives of this study were to estimate variance components for a multitrait test day model using canonical transformation and to determine the impact of selection during lactation on the estimates.
MATERIALS AND METHODS

Data
First lactation records were analyzed for 23,029 Holstein cows that calved from 1990 through 1996 in 37 large herds from Wisconsin (261 cows per herd) and Pennsylvania (287 cows per herd). The dairy records processing centers in those states have historically supplied monthly records in progress to the Animal Improvement Programs Laboratory, ARS, USDA (Beltsville, MD); therefore, available test day data were nearly complete. Initial data for test days consisted of milk yields and fat and protein percentages. Four lactation stages of 75 d each were defined starting with d 6. The test day that was nearest to the center of the lactation stage (d 43, 118, 193, or 268) was retained. Only four lactation stages were defined to increase the likelihood of observations in all stages. Associated fat and protein yields were computed from milk yields and component percentages. Milk, fat, and protein yields that were recorded during the four lactation stages were the 12 traits analyzed.
Complete data were required to estimate the full set of genetic parameters. Lactation stages were added progressively, and records with missing values were deleted so that the effect of selection could be estimated; 17,190 records with test days in all lactation stages were available for final analysis.
Model
Because a test day could occur on any day within the 75-d stage, a model that adjusted for the shape of the lactation curve was necessary. A model based on those of Guo and Swalve (7) and Wiggans and Goddard (34) was used: y ijklmno = HTF j + AS k + AS k (b 1 )z 1l + AS k (b 2 )z 2l + HYS im + C in + a io + e ijklmno where y ijklmno = test day record for milk, fat, or protein yield of cow o for lactation stage i; class j for herd, test day, and milking frequency (HTF); major class k for calving age and season (AS) across lactation stages; DIM l; class m for herd, year, and calving season (HYS); and minor class n for calving age (C) in months within lactation stage; b = regression coefficient; z 1l = (DIM l ) 0.5 and z 2l = log(DIM l ) (7); a = animal effect (breeding value); and e = residual effect. Milking frequency for HTF classes was two or three times daily, and HTF classes were required to have at least three records. Calving ages for major AS classes were 20 to 23, 24 to 25, 26 to 27, 28 to 31, and 32 to 35 mo. Starting with January, six 2-mo calving seasons were defined for AS and HYS effects. Because of the impact of calving age and season on yield and persistency (20) , AS was included in the model along with regressions on a function of DIM that were nested within AS. Defining the HYS effect within trait and lactation stage (in contrast to HTF, which is defined across lactation stage) allowed the consideration of different effects of environment by lactation stage. The effect of minor classes for calving age (C) within trait and lactation stage was included to account for differences by age in persistency that were not accounted for by nesting regressions within AS. Of the models compared by Guo and Swalve (7) with three parameters, a mixed log model was selected to represent the lactation curve because of good overall fit for milk, fat, and protein yields. A model with three parameters was adequate for this test day study because lactation curves were fit within four lactation stages rather than over all 305 d.
Analysis
Canonical transformation requires that the same model apply to all traits. However, traits from different lactation stages necessarily occur on different test days. Therefore, the model was analyzed in two steps that were similar to the procedure proposed by Wiggans and Goddard (34).
Step 1 estimated effects that were not specific to lactation stage (HTF and AS) for the shape of the lactation curve and adjusted test day yields for those effects. The general linear models procedure of SAS (24) was used.
Step 2 estimated (co)variance components. Model effects that were specific to lactation stage (HYS, C, and a) were included. Because of selection, the number of observations decreased as lactation stage increased. Four data sets with progressively fewer records but more lactation stages were analyzed to determine the impact of selection. Pedigree information was included for animals born in 1980 or later. Pedigree data for animals born prior to 1980 were not included because of concern that the inclusion of the additional data in the analysis would slow convergence during iteration. Eight groups were defined for animals without known parents based on the birth year of the animal: 1980 and earlier, 1981 through 1982, . . ., 1991 through 1992, and 1993 and later. Variance components were estimated using the expectationmaximization REML algorithm of Misztal et al. (16, 17) . Because no missing values are allowed with canonical transformation, only the fourth analysis that included records with observations for all lactation stages could provide estimates for all (co)variances.
Iterative Solution
To test the impact of solving of steps 1 and 2 iteratively, an additional analysis was conducted. Required variance components for solving step 2 were those from the fourth analysis that included records with observations for all lactation stages. Solutions for step 2 were obtained using data from all lactation stages for cows with records in analysis 1 and the method of Gengler et al. (6) . Records then were adjusted for solutions from step 2, and the adjusted records were used to compute solutions for step 1. The records were readjusted for new solutions from step 1, and solutions for step 2 were computed. Iteration continued until mean relative differences between animal solutions were <1%. This method simulated the procedure proposed for future genetic evaluation of yield traits in the US (34) .
Heritabilities for Lactation
Lactation yield can be expressed as the sum of all test day yields, and, therefore, heritabilities for lactation yield can be derived from (co)variance components from test days. (Co)variance matrices for lactation were computed from weighted sums of the estimated (co)variances for test days: G lactation = SG test day S', and P lactation = SP test day S', where G = genetic (co)variance matrix, P = phenotypic (co)variance matrix, and S = summing matrix for test day yields by lactation stage within yield trait (milk, fat, and protein) :
. The resulting heritabilities for the lactation based on test day information were compared with heritabilities that were estimated with the method of Van Tassell et al. (31) using USDA-DHIA data for 305-d lactations for cows with records in analysis 1. Heritability estimates also were computed from an approach that was similar to that of Van Tassell et al. (31) but that used multiple traits. To determine the effect of the summing of sampling errors from estimation of the test day (co)variance matrices, heritabilities also were computed from reconstructed lactation yield deviations using the same method as for test day yields.
RESULTS AND DISCUSSION
Descriptive Statistics
Means and standard deviations of milk, fat, and protein yields are presented in Table 1 for the progressive analyses of the four lactation stages. Elimination of records with missing observations resulted in a loss of 25% of the data. Means increased and standard deviations decreased with selection. The decrease of standard deviations indicated that selection eliminated animals with low yield without raising the mean substantially. 
Progressive Analyses
Genetic and residual variances from the four progressive analyses are in Table 2 . Residual variances generally were largest from the analysis of early lactation (analysis 1) and smallest from the analysis with no missing observations (analysis 4). However, for protein yield, the residual variance from the end of lactation (analysis 4, lactation stage 4) was higher than the residual variance from analysis 1. Tables 3 through 6 by progressive analysis. Effects of selection were limited; most heritability estimates changed only slightly (0.01 to 0.03), regardless of yield trait. All estimates were between 0.11 and 0.21, which agrees with results from other studies (15, 19, 23) , although a few researchers (18, 28) reported slightly larger estimates. One recent study by Jamrozik et al. (10) found clearly higher estimates, but a change in the modeling of effects of permanent environment resulted in more similar estimates (26) . Heritabilities estimated in this study usually were higher for milk yield than for protein and fat yields. Heritability estimates for all yield traits increased with lactation stage, which followed the patterns found for genetic and residual variances. Meyer et al. (15) reported lower estimates of heritability at the beginning and end of lactation. The increased heritabilities found with later lactation stages in this study may have resulted from differences between the US and Australian management systems (concentrate feeding vs. grazing) that allowed US dairy cows more opportunity to attain their genetic potential for yield. Mean heritabilities from analysis 4 were 0.19 for milk yield, 0.14 for fat yield, and 0.16 for protein yield. lactation stages to 0.75 for milk and protein yields and 0.82 for fat yield between lactation stages 1 and 4. Within lactation stage, genetic correlations averaged 0.40 between milk and fat yields, 0.78 between milk and protein yields, and 0.56 between fat and protein yields. Mean phenotypic correlations within lactation stage were 0.64 between milk and fat yields, 0.91 between milk and protein yields, and 0.66 between fat and protein yields. The genetic and phenotypic correlations from this study correspond to those reported by most authors (e.g., 23).
Iterative Analysis
Genetic variances from the iterative analysis were slightly higher, and residual variances were slightly lower, than corresponding variances from analysis 4 ( Table 2 ). The iterative analysis had slightly higher heritability estimates (Table 7) than did those from analysis 4 ( Table 6 ), especially at the beginning of the lactation, which was expected given the differences for genetic and residual variances. The adjustment of records using solutions obtained by fitting the full model may improve estimation of heritabilities; estimates from analysis 4 should be considered to be the lower bounds for heritabilities.
TABLE 7.
Heritabilities (on diagonal and bold), genetic correlations (above diagonal), and phenotypic correlations (below diagonal) for milk, fat, and protein yields from iterative analysis of records with test days in all four lactation stages that had been adjusted using solutions obtained by fitting the full model. Genetic and phenotypic correlations from the iterative analysis (Table 7) were almost identical to those from analysis 4 ( Table 6 ).
Lactation Heritabilities
Heritability estimates for lactation that were derived from test day (co)variance components were 0.27, 0.25, and 0.25 for milk, fat, and protein yields, respectively. Lactation heritabilities that were estimated from lactation yield deviations were slightly higher (0.28, 0.26, and 0.26 for milk, fat, and protein yields, respectively). The lower estimates for the heritabilities derived from the test day (co)variance components reflect the accumulation across the entire lactation of sampling errors from estimation of those (co)variance components. Heritability estimates from both methods were lower than the heritabilities of 0. Genetic and phenotypic correlations, computed from lactation (co)variance matrices, were 0.38 and 0.65 between milk and fat yields, 0.79 and 0.91 between milk and protein yields, and 0.56 and 0.70 between fat and protein yields, respectively. Although the correlations were lower than those reported by Misztal et al. (16) , the correlations were confirmed using reconstructed lactation yield deviations and the original 305-d records.
CONCLUSIONS
The estimation of (co)variance components is crucial for implementation of genetic evaluation systems that use test day yields. This study used a simple approach based on canonical transformation to construct (co)variance matrices. Selection was found to have only a small effect on correlations and heritabilities. Schaeffer (25) has shown that genetic evaluations are insensitive to small changes in parameters. The results obtained provide initial estimates for genetic and residual (co)variance across four lactation stages and three yield traits.
Milk and protein yields were more highly correlated than were milk and fat yields. As expected, genetic correlations between lactation stages were high for each yield trait. Genetic correlations were lower between milk and fat yields and between fat and protein yields than between milk and protein yields; phenotypic correlations showed a similar pattern.
Because this study was limited to four lactation stages, the results are only the initial step in estimating the (co)variance components needed for computation of test day evaluations. Appropriate methods are required to obtain results that avoid selection bias across test days and to extend the (co)variance structure among milk, fat, and protein yields to all days of lactation.
nearest to 268 between 231 and 305 d.
(Co)variance functions that were proposed by Kirkpatrick et al. (13) may provide a method of extending estimates to the entire range of the lactation.
In the test day model proposed for genetic evaluation of yield traits in the US (34), lactation stages are shorter (30 d) . Therefore, the herd-year-season effect within lactation stage, which is solved in step 2, aids in accounting for differences among lactation curves. A possible improvement could be to define lactation stages by variable rather than by fixed intervals with shorter stages for the beginning of lactation and longer intervals for the end.
